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When less is more: innovations for tracking progress
toward global targets
Todd S Rosenstock1,2, Christine Lamanna1,
Sabrina Chesterman1,3, James Hammond1,
Suneetha Kadiyala3,4, Eike Luedeling1,5, Keith Shepherd1,
Brian DeRenzi6 and Mark T van Wijk2,7
Accountability and adaptive management of recent global
agreements such as the Sustainable Development Goals and
Paris Climate Agreement, will in part rely on the ability to track
progress toward the social and environmental targets they set.
Current metrics and monitoring systems, however, are not yet
up to the task. We argue that there is an imperative to consider
principles of coherence (what to measure), standardization
(how to measure) and decision-relevance (why to measure)
when designing monitoring schemes if they are to be practical
and useful. New approaches that have the potential to match
the necessary scale of monitoring, with sufficient accuracy and
at reasonable cost, are emerging; although, they represent a
significant departure from the historical norm in some cases.
Iterative review and adaptation of analytical approaches and
available technology will certainly be needed to continuously
design ways to best track our progress.
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More is more
Social, economic and environmental change has pro-
ceeded over the past century at an unprecedented pace,
resulting in improved human well-being at the expense of
the environment [1,2,3]. In 2015, multiple major inter-
national agreements were signed, setting out explicit
objectives to end hunger, combat climate change and
build resilient societies, amongst many other goals
[4,5,6]. The ability to monitor progress toward the set
targets is vital for accountability and adaptive manage-
ment of these international agreements, although some
have argued that targets themselves are usually arbitrary
and do not improve performance; rather focus should be
on monitoring progress toward achieving the overall goal
[7]. Regardless, the design and operation of the required
monitoring systems presents theoretical, technical and
logistical challenges. For example, the scientific commu-
nity struggles to find consensus on the best and most
practical ways to measure progress for complex outcomes
such as food security and resilience or for multiple out-
comes simultaneously [8,9,10], despite efforts to
describe best practice [11].
Faced with the need to measure changes rapidly across
multiple diverse outcomes, monitoring programs are gen-
erally following the principle that more is better [5,12,13].
That is, monitoring programs will be better able to track
progress toward targets if they collect more data, more
frequently, across more indicators. Despite advances in
the ability to acquire and handle large amounts of data,
budgets as well as human and institutional capacity are
typically insufficient to deal with the scale and complex-
ity of even current monitoring efforts [14–16] suggesting
that the ‘more is more’ approach is overly burdensome
. Even if it were possible to measure everything, every-
where, all the time, we may still not have an actionable
and useful understanding because the complex nature of
the human and natural systems being measured [17].
Given limited resources, monitoring approaches will nec-
essarily reach a practical limit in terms of data that can be
collected. Therefore, we argue for increased coherence
(coordination in what is measured), standardization (coor-
dination in how measurements are made) and decision-
relevance (why measurements are made) in current and
emerging monitoring systems. Then we summarize
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advances in metrics and monitoring systems that could
help to generate robust and actionable information for
both tracking and adaptively managing global progress.
Specific terms used in the article have been defined in
Box 1.
More is less
Coherence relates to what is measured: the selection of
metrics and indicators, which are the core of monitoring
systems. Currently, individual organizations, national pro-
grams and international agreements select metrics and
indicators for monitoring according to their own priorities,
resulting in a proliferation of metrics and indicators. More
than 2000 metrics are being used in global assessments of
agricultural sustainability [18] and 186 indicators are used
across 12 major international environmental agreements [
19]. Rarely are monitoring efforts aligned despite overlap
in objectives. Only the Sendai’s Agreement and the
United Nations Convention to Combat Desertification
explicitly link to other initiatives’ indicators and monitor-
ing efforts [20,21]. A lack of coherence among monitoring
systems with similar objectives limits our ability to com-
pare progress or outcomes across time or place, which in
turn limits the utility of data collected.
Even with coherence in what is measured, there can be a
lack of standardization in how to measure agreed upon
metrics. Oftentimes, a metric can be measured in multi-
ple ways, altering the value and perhaps meaning derived
[8,22,23]. When defining metrics and indicators for
monitoring programs, tension develops between rapid
and cheap but sometimes overly simplistic frameworks
and systems that use the best indicators that science can
offer, but which are often too data-demanding and costly
for practical monitoring purposes. Objectives and con-
straints of cost, scale and accuracy collide and easy solu-
tions that meet all three goals are typically unavailable
[24]. Differences among monitoring objectives, the inter-
ests of data collectors and the perspectives of end users of
data can lead to a large divergence in the types of
information collected across teams or projects, even
where there are similar aims [25].
Considering a scenario where the objectives of coherence
and standardization are met, the decision-relevance of the
data is not guaranteed. That is, we may produce consis-
tent and reproducible information, but without a strong
reason why. Evidence from agricultural and environmen-
tal monitoring suggests that passive, mandated monitor-
ing schemes, in which data are gathered as a stipulated
requirement of government legislation, or a political
directive, have had poor success [26]. Such monitoring
systems are rarely designed to inform specific decisions,
or answer scientific questions that are relevant to specific
development contexts [26]. Selection of targets, metrics
and monitoring systems is more often driven by oppor-
tunism and visibility [27] and the need to report progress
towards goals, as opposed to their prospects for supporting
practical decisions. Shepherd et al. [28] reviewed 103 agri-
cultural and environmental monitoring systems globally
and found few provided a clear mechanism for how the
amassed data were going to move from information to
action, had a clear conceptual framework or theory of
change and were designed with the statistical rigor nec-
essary to ensure internal and external validity of results.
Nutrition and health surveillance approaches used to
diagnose systemic risks offer an informative counterpoint.
First, appraisals are conducted to determine what deci-
sions the collected data is meant to inform, and what
knowledge gaps currently prevent effective decision
making, ensuring that data collected is meaningful and
useful [31]. Then, sampling frames and indicators are
explicitly selected based on practical considerations of
implementation such as cost-effectiveness, sensitivity
and usefulness to inform programming [29–31]. Signifi-
cant effort is made to build broad coalitions of scientists,
governments and other partners to come together and
agree on metrics and their implementation such as with
the recent development of the Minimum Dietary Diver-
sity for Women metric [32], though the process can
sometimes take years to complete.
Less is more
These challenges illustrate that the global community is
far from meeting the monitoring needs of current agree-
ments [33]. Yet somehow, monitoring frameworks need to
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Box 1 Glossary.
Citizen science—the collection of data in an organized way by
members of the general public, typically in collaboration with pro-
fessional scientists (e.g. US National Christmas Bird Count).
Coherence—Consistency in choice of indicators (what is measured)
between monitoring systems, which allows for comparisons across
time and space.
Crowdsourcing—collection of data and information by member of
general public that may or may not be in collaboration with a
scientific study (e.g. Wikipedia, Geo-Wiki).
Decision-relevance—Utility of a metric or indicator for informing
actionable changes in programs or policies (why it is measured).
Indicator—summary factors or measures that permit tracking of
changes in systems’ state (e.g. $ year1 capita1,
Mg CO2eq ha
1 year1).
Metric—a raw value or composite index used for measurement or
comparison, often the basis of indicators (e.g. kg yield, Women’s
Empowerment in Agriculture Index).
Monitoring System—the set of metrics, statistical methods and tools
used to collect and analyze data on outcomes for a specific popu-
lation, place or process.
Outcome—a change in a state variable over time caused by a
particular change in practice or policy.
Standardization—Consistency in choice of metrics and how they are
measured (methods, frequency, spatial coverage).
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develop coherent, standardized and decision-relevant
information at scale. Recent innovations in indicator
design and selection (what and why to measure) and
technology for data collection (how to measure) provide
reasons for optimism. Novel approaches designed by
decision and data scientists and new applications from
the private sector have the potential to revolutionize our
ability to acquire, analyze and interpret data for decision-
making in a cost-efficient manner and with lower capacity
requirements.
In stark contrast to ‘more is more’ philosophy, ‘lean data’
has emerged from the private sector to fill a need for cost-
and time-efficient performance metrics that can be used
to make decisions. Lean data approaches develop and
apply simplified metrics, such as rapid score-card meth-
odologies, to quantify complex multi-criteria indicators
and generate high-resolution data on factors important for
tracking business development, operations and impact
[34,35]. This methodology has generated and applied
indicators for poverty (e.g. the Progress out of Poverty
Indicator), food insecurity (e.g. Hunger and Food Insecu-
rity Access Scale, HFIAS) and even indicators quantify-
ing environmental sustainability (e.g. the Natural
Resource Integrity Assessment). This has enabled the
creation of new household survey tools that use these
indicators to monitor smallholder farm households across
multiple outcomes simultaneously [36,37], generating
uniquely multidisciplinary datasets for low cost (Box 2).
A critical decision, however, is which relatively small sets
of indicators to track. This is where advances in decision
science can contribute. Probabilistic modelling techni-
ques, such as Monte Carlo simulations, Bayesian Belief
Networks and value-of-information analysis, construct
causal models of the system being monitored through
representative multi-stakeholder processes [38,39].
These participatory modelling techniques integrate qual-
itative and quantitative data on the system, as well as
uncertainties, to identify what is important to measure
from a decision making perspective, thereby creating the
case for decision-relevant indicator sets. These methods
overcome serious limitations of using subjective weighted
scores on arbitrary scales with no standardization, which
tend to increase rather than reduce error in risk assess-
ment and decision-making. Probabilistic techniques are
already in use in Earth observation, malaria control and
predicting human disease [40,41] though application in
development has been limited thus far [42]. Lessons
from public health surveillance are also relevant, where
much of the monitoring has shifted from outcome
monitoring, which is slow and expensive, to monitoring
of risk factors, which is much cheaper and quicker and
gives earlier warning on likely trends [43]. For example,
monitoring of heart disease is now heavily focused on
behavioural risk factor surveillance, such as telephone
interviews on diet and exercise habits.
After thoughtful selection of a relatively small and stan-
dard set of indicators to monitor, the challenge becomes
how to monitor them at the desired spatial and temporal
resolution. The rapid increase in mobile technologies
and—equally important—mobile penetration now allow
unprecedented data collection in almost all parts of the
world. Household survey data collected with mobile
technology reduces costs, increases data quality and
reduces time between collection, analysis and decisions
by comparison to conventional paper surveys [44]. Using
text messaging, interactive voice response and call cen-
tres for live voice calls can further facilitate collection of
data at the temporal frequency and spatial scale needed
for decision-making [45]. Because of this, mobile data
collection is rapidly becoming the norm [46], evidenced
by the recent increase of open source tools and proprie-
tary add-ons available in the market for almost every
sector.
Not all indicators need be collected via survey, however.
Remote sensing offers additional opportunities to reduce
the monitoring burden for tracking social and environ-
mental change. Though remote sensing has been com-
monplace for some indicators such as deforestation and
land degradation [47,48], new applications allow tracking
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Box 2 Impact of method selection on cost, accuracy and scale of
data collection.
Data on welfare indicators of rural households can be collected in
many different ways. Household level surveys, one widely used
approach, try to characterize both agricultural activities and man-
agement strategies while at the same moment trying to gain insight
into welfare indicators like food security and nutrition. Surveys range
from rapid appraisals, usually less than one hour, to extensive
questionnaires sometimes taking multiple sessions to complete.
Each approach serves a different purpose. But it is important to
realize the length and complexity of the survey have consequences
for costs and data quality. Costs of administering a targeted one
hour survey will be on the order of 20 USD per household, whereas a
longer 4 hours survey costs roughly 50 USD per household, while the
extensive World Bank Living Standard Measurement Survey—Inte-
grated Survey on Agriculture is likely to be 100–200 USD per
household [37,45,69]. In terms of quality, data quality decreases
with increasing survey duration. A golden rule for survey length is not
to surpass the one and a half hours. Beyond this length, the attention
span of the interviewees declines with consequential effects on the
quality of the answers [80]
There are relatively easy ways to assess the overall data quality,
either by looking at individual answers, for example at reported yield
levels, field sizes and farm gate prices, or at more integral indicators
like food self-sufficiency or food availability, which gives a quick
insight into the potential of the farm household to generate enough
food energy to feed the family [25]. Two problems with household
data are commonly encountered (Figure 1): (1) An unrealistically large
gap between potential supply and household energy need indicating
that the survey is missing essential information that contributes to
overall income or food consumption and (2) A substantial over-
estimation of consumption of crop and livestock products indicating
systematic problems with yield and consumption estimates.
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of economic development (based on artificial light seen
from space), ecosystem services (from plant functional
traits, soil properties, carbon stocks, biomass, freshwater
quality), infrastructure status (such as pavement area and
damage), and even human health [49–55,56,57]. A case
has already been made to use remote sensing to monitor
the Aichi Biodiversity Targets set by the United Nations
Convention on Biological Diversity [58]. With the num-
ber and diversity of applications increasing at the same
time as the cost of high-resolution satellite imagery
products is decreasing, remote sensing is emerging as a
clear opportunity to monitor not only traditional biophys-
ical values but social change as well.
One of the most disruptive innovations in data collection
goes beyond remote data collection (e.g. mobile and
remote sensing), and instead empowers ordinary citizens
to be the agents rather than just the objects of monitoring
efforts. Two such approaches, crowdsourcing and citizen
science are increasingly being used to monitor everything
from water quality, to biodiversity, conflict, road traffic
and other indicators [59–62]. Participatory approaches are
most effective when combined with mobile technologies
to allow real time monitoring at unprecedented scales at
little to no cost. For example, crowdsourcing was used to
validate a global map of cropland and farm size based
on individuals’ assessments of Google Earth images to
evaluate accuracy of classification [63]. In addition
to reaching scale, these platforms allow monitoring of
rapidly changing processes such as conflict, disease trans-
mission and disasters (Figure 2). Though the mode of
data collection is new, the collaborative and mutually
reinforcing social innovations of crowdsourcing and citi-
zen science, build on earlier monitoring successes. Many
REDD+ project have promoted and used community
engagement to protect tropical forests [64,65] which
propelled citizen science to the forefront of monitoring
sustainability [45]. Crowdsourcing may well emerge as
the common mechanism for monitoring generally and
specifically for tracking the SDGs [61,66].
Less is less
Advanced analytical approaches and remote technology
offer great potential to revolutionize data collection and
analysis for a wide variety of indicators allowing near real-
time input into decisions. Whilst promising, the approaches
have limitations.
Many innovations require a shift in our way of working. At
the most basic level, the suggestions above necessitate a
shift from paper-based to electronic surveys, which would
come with concomitant challenges in data security, stor-
age, sharing and archiving. Furthermore, even using
simple and pervasive technologies and mobile devices,
implementation may be limited by the capacity of enu-
merators, survey administrators or institutions. Some par-
allels may be drawn from remote sensing where there has
been significant activity using these technology for moni-
toring for some time, yet capacity to use these tools in
developing countries is still wanting [14]. The transition,
however, may not only be practical but also philosophical.
For example, Bayesian statistics and inference represent a
departure from the dominant paradigm of statistics, one
not typically taught or promoted until recently, and so has
both a steep learning, but also acceptance, curve [67].
Before use, risks arising about data quality need to be
mitigated. For example, when using mobile data meth-
ods, the data are often limited to persons that have access
to mobiles. Though penetration is increasing significantly
across much of the world, there are still large numbers of
people, especially in rural Africa that either do not have
access to mobile phones or network coverage is too poor to
contact them reliably. This could result in the collection
of biased data [68]. When using crowdsourcing and citizen
science, despite some positive results [69], assessing the
quality of the provided estimates and reporting bias is
difficult. With remote sensing, approaches need to give
sufficient attention to calibration and validation using
ground measurements with statistically valid sampling
schemes for the target areas to provide robust estimates.
And if monitoring risk factors versus outcomes, clear
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Food self-sufficiency and availability analyzed for 200 households in
northern Ghana surveyed in 2012 [Data published in Ref. 70]. The
households are ordered on the x-axis according to their food
availability score, with the dashed line equal to food self-sufficiency.
Households on the left show a severe food gap, while on the right
people interviewed are consuming 3–4 times what they need in terms
of calories; both results are highly improbable and point to concerns
with data quality.
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relationships need to be established via research between
risk factors and outcome variables, which are often
unavailable. In all cases, the scientific community needs
to come together to highlight challenges, set conditions of
best practice and to provide guidance to governments,
private sector and other programs.
Conclusions
The success of global initiatives will in part depend on
developing coherent, standardized and decision-relevant
monitoring systems. There is clearly a long way to go. The
upside is that the political will, funding and innovations
are becoming available. The scientific community and
private sector must continue to innovate, bring together
lessons learned from pilots and build partnership models
that foster sustainability of these initiatives. The devel-
opment community needs to embrace the new
approaches being developed that have the potential to
match the necessary scale of monitoring, with sufficient
accuracy and at reasonable cost, although they represent a
significant departure from the historical norm. As the
world changes, however, so will the best approaches to
meet monitoring demands. Iterative review and adapta-
tion of analytical approaches and available technology will
almost certainly be needed to continuously design ways to
best track our progress.
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Select initiatives using remote monitoring technologies in Sub-Saharan Africa. Examples show innovations for monitoring across a diversity of
indicators, modes and objectives [71–74,75,76,77,78–80].
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